Some economic analysis concludes that capitalist institutions tend to produce growing income inequality. Piketty (2014) is a recent example. This paper uses two different datasets on income shares of the top 10% to analyze the effect of market institutions on income inequality. The same empirical specifications give different results for the two datasets. This empirical investigation suggests that whether capitalist institutions generate income inequality is an open question.
Market Institutions and Income Inequality Introduction
Income inequality has been a major issue in economics for centuries. Ricardo (1817: 72) noted the tendency of land rents to grow, crowding out income going to others, and concluded that eventually "…almost the whole produce of the country, after paying the labourers [a subsistence wage] will be the property of the owners of land and the receivers of tithes and taxes." More recently, Piketty (2014) has argued that because the return on capital is greater than the growth of the overall economy, capital owners find their incomes growing faster than those who earn labor income, and because capital ownership is concentrated, income inequality tends to grow over time in capitalist economies as a natural outcome of market forces. This paper examines the extent to which market institutions are associated with higher income shares for the economic elite.
Piketty is not alone in his concern about inequality, but his argument that growing inequality is a result of market forces in a capitalist economy differs from the argument of many others. A more common argument in the twenty-first century is that inequality is largely the product of government policies designed to favor the elites over the masses. Stiglitz (2012) makes the argument that inequality is a product of government policies designed to favor the elite, as does Stockman (2013) , Gilens (2012) , Hacker and Pierson (2010) , and Bartels (2008) . The argument policy. This paper sets aside the political issues to evaluate the degree to which income inequality is a product of market forces.
Measuring Inequality
In keeping with Piketty's (2014) reasoning, this analysis measures income inequality by looking at the income shares of those with the highest incomes, rather than looking at Gini coefficients or other summary measures. This way of looking at income inequality shows the share of output going to the economic elite compared with everyone else. While one can debate the value of various summary measures of inequality, using the income share going to the economic elite keeps the analysis within the framework Piketty prefers. Piketty (2014) uses data from the WTID dataset he constructed to undertake his analysis.
The WTID dataset has income share data for 28 countries that, in some cases, goes back to the early twentieth century. Because the institutional variables we use (discussed below) go back to share of the top 10%. Because of differences in time periods and countries, only 24 observations from those two datasets overlap. The correlation coefficient between the two datasets for those 24 observations is 0.12. For most countries, the WTID dataset shows a higher income share for the top 10% than the WB dataset, but for a few lower-income countries (Malaysia is an example), the opposite is true, leading to the very low correlation.
[ Table 1 about here.] Table 1 shows the correlation between the log income share of the top 10% and the log of per capita income for the two different datasets. The first regression shows that there is a slight negative and statistically significant correlation between the income share of the top 10% and per capita income using the WB data. The second regression shows a positive and statistically significant correlation between the income share of the top 10% and per capita income using the WTID data. Figures 1 and 2 graphically illustrate this general relationship between the top 10% income share and per capita income in the two datasets. Figure 1 shows the WB data and the negative relationship between the variables, and Figure 2 shows the WTID data plotted against per capita income showing the positive relationship in that dataset.
[ Figures 1 and 2 about here.]
The two datasets can be adjusted to eliminate this relationship between per capita income and top 10% income share in the WTID data, or to introduce that relationship in the WB data, by using the coefficients in the first two regressions in Table 1 . To adjust the WTID data to eliminate the positive relationship between top 10% income share and per capita income, representing the WTID data adjusted to WB as TOP10%(WTID->WB),
where (WB) is the constant in the WB regression -the first one -and (WTID) is the constant in the second regression. Similarly, ((WB) and (WTID) are the coefficients on LYPC in both of those regressions. This removes the positive relationship between per capita income and the income share of the top 10% from the WTID data, making it consistent in that regard with the WB data. Substituting the numbers from Table 1 into equation (1) gives
as the equation that adjusts the WTID data on top 10% income share so it has the same relationship to per capita income as the WB data.
Similarly, the WB data can be adjusted to have the same relationship with per capita income as the WTID data by using TOP10%(WB->WTID) = -3.042 + 0.163LPCI (3) as the adjustment equation.
Using these adjustment equations produces two different data sets for the top 10% income share; one using the WB data along with the WTID data after it has been adjusted to have the same relationship to per capita income as the WB data, and the other using the WTID data with the WB data adjusted to have the same relationship to per capita income as the WTID data. This allows the analysis that follows to evaluate the relationship between the income share of the top 10% and market institutions using the same observations, and increasing the sample size to 545
by combining the datasets. Two advantages of combining the datasets this way are that it provides more observations, but more important, both datasets use observations for the same countries and the same years.
The second two regressions in Table 1 use the adjusted observations the two datasets have in common to look at the relationship between top 10% income share and per capita income. The third regression uses the WTID data adjusted to WB and the fourth uses WB data adjusted to WTID. The third regression shows that when the WTID data are adjusted to conform with WB, the sign on  remains negative and significant, although the coefficient is larger. However, the coefficient is also negative in the fourth regression, where the WB data are adjusted to conform with the WTID relationship between top 10% income share and per capita income. The reason the signs are different in regressions 2 and 4 is that in addition to adjusting the observations for the relationships between the two variables, the WB data adds observations from more countries, and even when those observations are adjusted, the relationship between top 10% income share and per capita income remains negative.
This can be seen more clearly in Table 2 , which looks only at the 23 observations that the two datasets have in common. The value for  in the WB dataset, shown in the first regression, is negative, but not statistically significant. Using only the overlapping observations, the negative and significant relationship shown in Table 1 is no longer statistically significant in Table 2 . The value for  in the second regression using the WTID dataset is positive and statistically significant, and similar in magnitude to the coefficient in the second regression in Table 1 . This shows that using only the overlapping observations, the relationships shown in Table 1 are very similar for the WTID data, but not so similar using the WB data. Part of the difference in the two datasets is that they depict different relationships between the top 10% share and per capita income, but part of the difference is that they contain different observations.
[ Table 2 about here.]
The third regression in Table 2 uses the WTID data adjusted as in equation (2) to conform to the relationship between top 10% and per capita income in the WB dataset, and as in the first regression, the relationship is negative but not statistically significant. The fourth regression uses the WB data adjusted to conform to the WTID relationship, and the WB data now yields a positive and statistically significant coefficient, like the WTID data in the second regression. Table 2 shows that using only the overlapping observations, the adjustment procedure given in equation
(1) produces the same relationships between top 10% income share and per capita income in the two datasets. When the WB data are adjusted to WTID, the relationship looks like the WTID dataset, and when the WTID data are adjusted to WB, the relationship looks like the WB dataset. Tables 1 and 2 show that the differences in the two datasets are due not only to the different relationships they show with per capita income but also in the observations that are in the datasets. The WTID dataset has observations for fewer countries than the WB dataset, and Table 1 shows that when all observations in both datasets are accounted for, there is not much of a difference between them in the relationships the observations have with per capita income.
The reason for making these adjustments to produce two data sets for top 10% income share is that there may be some question about the construction of the datasets in light of their very different relationships with per capita income and market institutions (more on that below). Rather than choose one dataset or the other as the "correct" dataset, this enables both to be used so the results using them can be compared. We use the two different measures of top 10% income share without passing judgment on which is more accurate.
Measuring Market Institutions
Economists from Ricardo to Piketty have argued that income inequality is a characteristic inherent in a capitalist economy, and to test this, the Fraser Institute's Economic Freedom of the World Index (EFW) is used as a measure of the market institutions that characterize a capitalist economy. The EFW index is a good measure of capitalist institutions because it was designed to quantify the degree to which resources are allocated through market forces. The index is in Gwartney et al. (2010) , which also gives a detailed description of its components. The index is aggregated from 43 individual components which are grouped into five areas: size of government, protection of property rights and rule of law, freedom to trade internationally, the soundness of the money supply, and the degree of regulation in the economy. The index was specifically designed to quantify the degree to which market institutions are used to allocate resources. Thus, is provides an excellent measure for examining the degree to which market institutions are associated with economic inequality. The index is available only since 1980, and until 2000 only in five-year intervals, so the dataset includes only those years for which the EFW index data is available.
The Relationship Between Market Institutions and Income
Inequality Table 3 examines the relationship between the income share of the top 10% of the population and market institutions, as measured by the EFW index, using the WTID data on top 10% income share along with the WB data adjusted to conform to WTID. The first regression in Table 3 shows that there is a positive relationship, statistically significant at the 5% level. This specification includes the measure of the EFW index at the beginning of the five year period. It is equivalent to including the lagged value of EFW. This is done purposely because the second specification includes the change in EFW over the five year period, and including the initial EFW value helps capture the existing quality of economic institutions. The second regression includes the change in EFW over the previous five years, and the relationship remains positive and statistically significant, this time at the 1% level. Therefore, the initial and growth of EFW together represent the level and growth effects of EFW as they pertain to the top 10% income share.
[ Table 3 about here.} Political institutions might also have an effect on income inequality, so to take them into account, the third regression adds the country's Polity2 score from the PolityIV data (Marshall and Jaggers 2005) , which measures on a scale of from -10 to 10 the degree to which a country has democratic political institutions, with -10 being the most autocratic and 10 being the most democratic. Political institutions, measured this way, are not statistically significant, and do not alter the positive relationship between market institutions and the income share of the top 10%.
The fourth regression includes the change in the Polity2 index over the past five years, and again is not statistically significant and does not alter the positive relationship between inequality and market institutions.
Income inequality might also be related to per capita income, so the fifth regression adds per capita income and finds that it is not statistically significant, and that the positive relationship between the income share of the top 10% and EFW remains. When the growth in per capita income is added in the sixth regression, EFW is no longer statistically significant. The seventh regression adds year fixed effects, and EFW is again insignificant.
The literature shows a strong correlation between EFW scores and per capita income (e.g., Berggren 2003; De Haan et al. 2006 ), so it is not surprising that when per capita income is added to the regressions, the statistical significance of EFW falls. Looking at the results in Table 3 , the first five regressions show a positive and statistically significant relationship between the degree to which countries have market institutions (as measured by EFW) and the income share of the top 10%. Table 4 shows the results of undertaking the same exercise, but substituting the WB data and WTID data adjusted to conform with WB. Using this data, the same regressions show no statistically significant relationship between the degree to which countries have market institutions and the income share of the top 10%. Whether there is evidence that market institutions are associated with a greater income share going to the top 10% depends on which data series for top 10% is used. The data series with the positive relationship between per capita income and top 10% share that is in the WTID data shows a positive correlation, whereas the data series with the WB relationship shows no correlation.
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Conclusion
Income inequality has been an important issue in economics for centuries, but much of the discussion in the twenty-first century has pointed toward government policies as the source of inequality. Piketty (2014) argues, as Ricardo did two centuries ago, that growing income inequality is an inherent product of capitalist institutions, and provided some data to support the claim. This paper takes another look at the effect that market institutions have on income inequality using the WTID data Piketty has compiled and another dataset compiled by the World Bank. Piketty argues that the best way to measure income inequality is to look at the share of total income going to the economic elite, and this paper follows Piketty's lead, measuring income inequality by looking at the income shares of the top 10% of the income distribution.
An empirical study can only be as accurate as the data that is used, and a comparison of the WTID data with WB data on the income share of the top 10% shows that the two datasets are not comparable. The WTID data shows a strong positive correlation between the top 10% income share and per capita income, whereas the WB data does not. This is true for the entire datasets and when looking only at the overlapping observations. Rather than choose one dataset or the other, we chose to combine them, and to adjust the data from one to match the relationship between top 10% and per capita income of the other. That provided two data series for top 10%
income share: one with the WTID data and WB data adjusted to the WTID per capita income relationship, and the other with the WB data and WTID adjusted data.
The Fraser Institute's Economic Freedom of the World (EFW) index was used as a measure of capitalist institutions, because it was designed to quantify the degree to which a country's institutions direct economic activity through markets.
The results show that when the WTID dataset is used, it appears that the greater the degree to which a country relies on market institutions, the greater the income share of the top 10%, so market institutions are associated with inequality by that measure. However, when the same empirical models are run using the WB dataset, there is no correlation between the two variables, so using the different dataset produces a different result. Are market institutions associated with greater inequality? Using one measure of inequality the answer is yes; using another intended to measure the exact same thing, the answer is no.
Regarding the paper's research question about whether market institutions lead to greater income inequality, the conclusion is ambiguous. Using similar measures of inequality from two different sources, one measure indicates there is a relationship and the other indicates there is not. This finding may be of interest because of the interest in the WTID dataset after Piketty's (2014) book was published. Empirical results are often published extending to many significant digits (we reported at least three), but there is a false precision there because of possible inaccuracies in data measurement. We found that two data series purporting to measure the same thing yield very different results. This suggests that some caution is warranted when using any data to try to measure income inequality.
Endnotes
1 Many readers will be aware that after the publication of Piketty (2014) Tables 3   and 4 for the top 1% is not possible. 
